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ABSTRACT: The molecular weight properties of lignins are one of
the key elements that need to be analyzed for a successful industrial
application of these promising biopolymers. In this study, the use of
1H NMR as well as diffusion-ordered spectroscopy (DOSY NMR),
combined with multivariate regression methods, was investigated for
the determination of the molecular weight (Mw and Mn) and the
polydispersity of organosolv lignins (n = 53, Miscanthus x giganteus,
Paulownia tomentosa, and Silphium perfoliatum). The suitability of
the models was demonstrated by cross validation (CV) as well as by
an independent validation set of samples from different biomass
origins (beech wood and wheat straw). CV errors of ca. 7−9 and
14−16% were achieved for all parameters with the models from the
1H NMR spectra and the DOSY NMR data, respectively. The
prediction errors for the validation samples were in a similar range for the partial least squares model from the 1H NMR data and for
a multiple linear regression using the DOSY NMR data. The results indicate the usefulness of NMR measurements combined with
multivariate regression methods as a potential alternative to more time-consuming methods such as gel permeation chromatography.
■ INTRODUCTION
Lignin is a promising renewable raw material to reduce the
chemical industry’s dependence on fossil fuels. It has a
complex heteropolymeric structure, consisting of three differ-
ent monomers, which are randomly connected via numerous
different linkage types (Figure 1). The nature and number of
interunit linkages mainly depend on the biomass origin and
isolation process.
Thus, spectroscopic techniques with a high resolution such
as heteronuclear single-quantum coherence (HSQC) NMR are
needed for the analysis of the lignin’s chemical structure.4,5
Although NMR has become an important tool for the
structural elucidation, the usual method for the analysis of
polymer-specific parameters such as the weight-average
molecular weight Mw, the number-average molecular weight
Mn, and the resulting polydispersity index PDI = Mw/Mn is gel
permeation chromatography (GPC).2 GPC provides easy
access to the whole molecular weight distribution of polymers,
not only giving information about an average molecular weight,
but also about the dispersity of the sample. The molecular
weight of the analyte is determined using the elution time from
the GPC column, which is dependent on the hydrodynamic
volume of the polymer. A calibration is needed for each type of
polymer to obtain the relationship between the hydrodynamic
volume and the molecular weight, making GPC a relative
method. Usually, this calibration is simple and reliable, because
narrow-distributed, well-characterized standards of the same
polymer are readily available (e.g., poly(methyl methacrylate)).
Lignin’s chemical variability, from sample to sample and also
over the molecular weight distribution itself, makes this
calibration erroneous.6 As representative lignin molecular
weight standards are still not available, polystyrene or
polystyrene sulfonate is used for the calibration. The observed
molecular weight is also dependent on the applied
experimental conditions such as columns, eluents, and
calibrants.4,7 Thus, GPC can only yield relative results for
comparison between different samples.
Other methods for the molecular weight determination such
as multiangle light scattering (MALLS) or matrix-assisted laser
desorption time-of-flight mass spectrometry (MALDI-ToF-
MS) are being evaluated to obtain an absolute molecular
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weight of lignins. If these were readily available, also GPC
measurements could be absolutely calibrated using a second
method. Several approaches have been proposed to achieve a
universal calibration for GPC measurements of lignins, for
example, by combining GPC with MALLS or viscosimetry.2,8,9
However, as every method has its own advantages and
limitations, achieving an absolute molecular weight determi-
nation is very complicated and not yet easily applicable to
every kind of lignin.9,10 For example in the case of MALDI-
ToF-MS, achieving a constant ionization efficiency of lignin
molecules over a broad molecular weight distribution is a
challenge, especially for high molecular weights.5
Another method currently investigated for polymer analysis
is pulsed-field-gradient NMR (PFG NMR), which generates
diffusion-ordered spectroscopy (DOSY) NMR spectra. Using
DOSY NMR, information about the self-diffusion of the
species leading to the NMR signals can be obtained. From this
pseudo-2D measurement, the diffusion coefficients (D) can be
calculated using a fit on the Stejskal-Tanner equation (eq 1),
which describes the signal intensity I as a function of D, the
field gradient strength g, the timing parameters Δ and δ, and
the gyromagnetic ratio γ.11
I I e g D0





For a NMR signal originating from a single, monodisperse
molecular species, the diffusion coefficient can be calculated
using a simple least-squares exponential fit of eq 1. When the
calculated diffusion values are plotted versus the chemical
shifts, a typical 2D DOSY NMR spectrum is obtained. As the
resulting diffusion coefficient D is related to the hydrodynamic
volume via the Stokes−Einstein equation, a relation between D
and the molecular weight of a sample seems consequent. It has
been found that a power law similar to the Mark−Houwink−
Sakurada (MHS) equation can be used to describe this relation
for linear homopolymeric samples (with the scaling parameters
K and α)12
D KM= α− (2)
The evaluation of the molecular weight of classical, well-
defined polymers such as polystyrene or poly(methyl
methacrylate) using DOSY NMR has been shown in multiple
publications, also including special fitting techniques to obtain
the molecular weight distribution.13−15
Also for lignin, approaches have been reported to analyze the
molecular weight by DOSY NMR. After solvent fractionation
of several bulk lignins, leading to samples with a relatively low
polydispersity of ca. 2, the MHS equation could be applied to
the relation of Mw and D.
16 Similarly, lignin samples
fractionated by GPC have been used to perform a calibration,
but here the diffusion coefficients were extrapolated to infinite
dissolution (D0).
17
This study aims to develop and compare models from
DOSY NMR analysis as well as 1H NMR to analyze the
molecular weight properties of bulk, non-fractionated lignin
samples. Previously, multivariate analysis techniques such as
the partial-least-squares (PLS) regression from the DOSY
NMR spectra have been applied for the less-complex heparin
and low-molecular weight heparin. Heparin is a linear highly
sulfated glycosaminoglycan consisting of repeating disacchar-
ides of uronic acid and glucosamine in a 1,4-linkage, and is
used as an anticoagulant. As a proof-of-principle, the
determination of the Mw of heparin by DOSY NMR could
be validated.18 This approach was extended here to analyze
Mw, Mn, and the PDI of lignin samples.
Furthermore, inspired by a recent Fourier transform infrared
(FT-IR) study, 1H NMR data with multivariate analysis were
also used to obtain information about the molecular weight of
lignins.19 Typically, the molecular weight of lignins is
determined via GPC, which was used to calibrate our models.
Therefore, an alkaline GPC method using a sulfonated styrene-
divinylbenzene copolymer column was chosen to overcome
the lignin solubility problem while not needing to derivatize
the samples, which could lead to a bias in the molecular
weight.20 All investigated samples in this study were
completely soluble in an alkaline medium.
■ RESULTS AND DISCUSSION
In the 1H NMR spectra of the organosolv lignin samples, the
typical signals of aromatic protons at ca. δ 6.7 ppm as well as
the methoxy signals at δ 3.7 ppm were observed. Also, strong
aliphatic signals at δ 1.2 ppm and δ 0.85 ppm were detected
(Figure 2). The most prominent lignin signals in the spectrum
as well as the tetramethylsilane (TMS) and solvent resonance
were picked for DOSY processing.
The aromatic and the methoxy signals showed a similar D
value, which is expected for the same molecule (Figure 2). Yet,
the aliphatic signals presented significantly higher D values,
Figure 1. Monolignol structures and linkage types. A: three alcohols
are polymerized randomly to form lignin. In the polymer, the
aromatic rings are referred to as p-hydroxyphenyl (H), guaiacyl (G),
and syringyl (S) subunits. B: first row: β-aryl ether (β-O-4′), α-aryl
ether (α-O-4′), biphenyl ether (4-O-5′), and 1,2-diarylpropane (β-1′).
Second row: biphenyl (5−5′), phenylcoumaran (β-5′, α-O-4′), resinol
(β-β′, α-O-γ′, α′-O-γ), and spirodienone (β-1′, α-O-α′). Dashed lines
depict the variability of the number of MeO groups that changes
depending on the three different monolignols. For further details of
the resulting three-dimensional structure (branching, stereoisomers),
see refs 1−3.
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which correspond to a smaller molecule size. This difference,
which was also found in other publications, can be explained
by the heteropolymeric properties of the randomly cross-linked
lignin (Figure 1).21 Furthermore, a higher amount of aliphatic
protons in smaller lignin molecules would lead to a higher
diffusion coefficient, because smaller molecules would be
weighted stronger than larger ones. Another explanation could
be that the aliphatic signals are somehow comparable to end
groups of a linear homopolymer. End group signals show a
higher D than the resonances of the repetition units, similar to
the different weighting of Mn and Mw.
22
Power Law Correlation of the DOSY NMR Results
with Molecular Weight. In Figure 3, the MHS plot of the
measured lignin samples is shown. The aromatic lignin signals
were used for the D determination. As reference molecular
weight values, the GPC results were used. Although the
absolute molecular weights are not accurate, the relative results
still contain valuable information. Yet, in contrast to the MHS
plots from diffusion measurements of lignins described
previously, no significant correlation was achieved here (R2 =
0.11, log K = −8.7, and α = 0.27).16,17 Similar results were
achieved for the aliphatic and methoxy signals (see Supporting
Information, Figure S1).
This effect could be explained by the rather large PDIs of the
samples (2.5−7.2). A single diffusion coefficient of one signal
might not suffice to describe the large distributional width of
non-fractionated lignins. This limitation combined with a
chemical heterogeneity over the molecular weight distribution
possibly led to high errors.
The determination of D0, as described by Rönnols et al.,
yielded acceptable results also for non-fractionated softwood
kraft lignin samples.17 Because a dilution series has to be
measured for each sample, and the NMR measuring time
increases significantly with stronger dilutions, this laborious
method was not tried in this study.
When the needed information cannot be directly obtained
by a single variable output, multivariate analysis could help to
extract the data. For example, all the peaks evaluated in the
PFG NMR experiment, or the whole DOSY NMR spectrum as
shown before for heparin, could lead to better results.18 Next
to the PFG NMR experiment, also the data from simple 1H
NMR could contain information that is influenced by the
molecular weight.
PLS Regression from the 1H NMR Spectra. Looking at
classical synthetic polymers, information about the chain
length can also be obtained via 1H NMR spectroscopy. If linear
homopolymers show a sufficiently intense signal of the end
groups, Mn can be calculated using the signal relation of the
end group and the repeating unit.23 This approach cannot be
adapted for lignin, because it is heteropolymeric, has no
defined end groups, and shows branching due to different
types of linkages.2 However, there is a relation between the line
broadening and a higher molecule size, because of the faster T2
relaxation times.24 These examples show that the spectrum is
influenced by the molecular weight of the sample, which could
possibly be extracted by applying a PLS-R.
After the PLS regression using the 1H NMR spectra (1H-
PLS), the optimal number of included latent variables (LV)
into the model was determined by cross validation (CV). The
root mean square errors (RMSE) of the calibration set
(RMSEC) and validation set (RMSEV) were determined. The
optimal number of LVs was determined using the minimal
RMSEV (Figure 4).
The results of the regression (Table 1) showed that with a
simple and fast 1H NMR measurement, information about the
molecular weight of a lignin sample can be obtained in only 2
min. CV errors between 7 and 9% were achieved for all
parameters. This is a reasonable accuracy, especially when
Figure 2. DOSY NMR spectra of aMiscanthus (blue) and a Paulownia
(red) organosolv lignin, with the 1H NMR spectrum of theMiscanthus
lignin as f2 projection. The Paulownia lignin showed a higher
molecular weight (Mw = 7123 Da,Mn = 1044 Da) than theMiscanthus
sample (Mw = 1884 Da, Mn = 672 Da) and thus lower D values.
Figure 3. MHS plot of all organosolv lignin samples, using the
aromatic signals for D determination.
Figure 4. Mean errors of repeated CVs of the PLS regression using
1H NMR spectra. 100 iterations for each CV were performed.
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taking the errors of the reference GPC measurement into
account, because the results from the PLS regression cannot be
better than the method that has been calibrated with. Also, the
determination coefficients (R2) were excellent for both the
calibration and validation.
To determine which signals are important for the PLS
model, the variable influence on the projection (VIP) scores
can be calculated.25 Figure 5 shows the VIP scores of the
optimized models for all three parameters. Variables with a VIP
score higher than 1 are usually considered important.
In all three VIP scores plots, the typical lignin signals are
strongly emphasized. This shows that the PLS model is
calculated mainly from the NMR signals of lignin itself rather
than other artifacts. The most important signals, which were
also found in all lignin samples, are the aliphatic peaks at ca δ
0.8 and δ 1.2 ppm, the methoxy signal at δ 3.7 ppm, and the
aromatic signals around δ 6.7 and δ 6.8 ppm. These signals
were picked and used for the following DOSY analysis.
PLS Regression from the DOSY NMR Spectra. Next to
the PLS-R from the one-dimensional (1D) 1H NMR spectra,
also a regression using 2D DOSY NMR spectra was performed
(DOSY-PLS). The optimal number of LVs was determined
using the minimal RMSEV (Figure 6). 4 LVs were optimal for
all parameters, which shows that there is a rather direct relation
of the DOSY NMR spectra with the molecular weight in
comparison to the 1H NMR spectra, where a larger number of
LVs were needed. This can be explained by the dependence of
D on the hydrodynamic volume of the analyte, which
corresponds to the molecular weight (see eq 2).
The results of the modeling showed a reasonable coefficient
of determination of more than 0.9, and relative validation
errors between 14 and 16% for all three tested parameters
(Table 2). For the analyzed samples, also the DOSY NMR
evaluation with a monoexponential fit contained information
about the dispersity of the samples. This information could be
contained in the relations of the five picked lignin signals to
each other, similar to the varying diffusion behavior of an end
group signal and a signal of a repeating unit.22
Regression from the DOSY NMR Fit Results. The
DOSY NMR spectrum is generated from the 1H shifts of each
picked peak and the resulting fitted D value. The peak width is
determined using the 1H peak width and the fit error.
Unfolding the 2D spectrum by concatenating all the lines to
obtain one large vector results in a big number of variables,
which are bucketed afterward. However, the fit results of the
PFG NMR measurement can also directly be used for data
analysis, without generating a pseudo-2D spectrum in between.
Therefore, only the five diffusion values were used as variables
for this analysis. Like in the other previous models, 100
iterations of a CV were performed to obtain the optimal
number of dimensions. As no dimensional reduction was
possible (for RMSEV plots, see Supporting Information, Figure
S2), the PLS regression, which is based on extracting LVs and
thus decreasing the dimensionality, was not an appropriate tool
for this dataset.
Alternatively, a multiple linear regression (MLR) was
performed (PFG-Fit-MLR). Similar to the Mark−Houwink
approach, it was observed that the model performance
increases, when the molecular weights were logarithmized
prior to analysis. To be able to compare the errors (RMSE) to
the those of other models, the results were first delogarith-
mized again and then the RMSE was calculated. In Figure 7,
the “real” values of the calibration samples are scattered against
the values determined using the MLR. A clear correlation is
visible in these plots, but still a rather high amount of
scattering is visible. Especially the calibration for PDI leads to a
large scattering, which can also be seen in the regression
coefficients as well as in the RMSEC and RMSEV (Table 3).
The results of the MLR showed similar validation errors to
those of the PLS model from the whole DOSY NMR spectrum
for Mn and Mw. The PDI determination was slightly better
from the DOSY NMR data. In contrast, a significantly lower
coefficient of determination from the calibration and also a
much higher RMSEC were found in the MLR model. The
same trend can be seen when comparing the determination
Table 1. PLS-R Results from the 1H NMR Spectra
unit range num. LVs R2 cal. R2 val. RMSEC RMSEV REa (%)
Mw 1884−7405 Da 11 0.99 0.93 187 Da 374 Da 6.9
Mn 664−1052 Da 10 0.97 0.93 21 Da 33 Da 8.7
PDI 2.50−7.23 10 0.98 0.88 0.20 0.37 8.0
aRelative error RE = RMSEV/range.
Figure 5. VIP scores for the PLS regression using the 1H NMR
spectra.
Figure 6. Mean errors of repeated CVs of the PLS regression using
the DOSY NMR spectra. 100 iterations of each CV were performed.
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coefficients of both methods. This shows that the model is less
stable due to the scattering of the calibration samples. The
same measurements processed as the DOSY spectrum resulted
in a model with better calibration results. The MLR model
does not adapt as much to the calibration samples as the more
complex PLS regression, which explains the higher scattering
of the calibration set.
The DOSY spectral processing before the PLS regression
seems to be superior to a MLR analysis of the diffusion data,
with better results of the calibration and comparable CV
results.
Variance of Repeated Measurements. There were
generally higher errors of the calibration and validation from
the DOSY-PLS models than from the 1H-PLS model. These
differences can also be seen in repeated measurements of the
same samples. The samples used for this analysis were taken
from the calibration set (n = 3) and measured in triplicate. The
1H-PLS model results showed a considerably lower variance
than the results from the DOSY-PLS model and the MLR
model from the direct PFG NMR analysis (Table 4). However,
a considerably lower variance was observed in the MLR model
than that in the DOSY-PLS. This shows that the measurement
and processing of the same sample has a significant impact on
the error of the molecular weight determination using DOSY
NMR. The 1H NMR measurement produced, as expected,
highly reproducible results.
A threefold determination of the Mw of non-fractionated
kraft lignins by Rönnols et al. using a Mark−Houwink
approach after D0 determination led to variation coefficients
of ca. 10%.17 This shows that these errors could possibly be
strongly influenced by the instability of the PFG NMR
measurement itself, and not only on the method of processing
and model calibration. Looking at the determination of D
values itself, a mean variance of 4% from repeated measure-
ments was observed. A systematic analysis of the uncertainty of
a D value determination of disperse polymers using PFG NMR
is needed. This is especially challenging, because strictly
speaking, not one D value from a single exponential decay, but
a whole distribution is generated.
Model Performance on Different Biomasses. Next to
the CV, which depicts the performance of the model on
samples most similar to the calibration set, a small independent
sample set was used to investigate the performance of the
models on lignin samples of different origins. The samples
were extracted using the same organosolv process, but the
biomass origin was varied. The beech and wheat straw samples
showed very similar GPC results, which were within the region
of the used calibration samples. Three extractions were
performed from wheat straw (W1a-c), and three from beech
wood (B1a-c). To be able to apply the samples for the
previously created models, they were applied for the PCA
analyses of the sample set. All samples were not seen as outliers
in the PCA scores plots for all model types and could thus be
applied (see Supporting Information, Figure S3−S5).
The results from the 1H-PLS model were very similar to the
reference GPC values for all three parameters. For the 1H-PLS,
the RMSEP of these samples (Table 5) was similar to the
RMSEV, which shows that the model could be successfully
applied. For the two models generated from the DOSY NMR
measurement, it can again clearly be seen that the MLR leads
to more stable results than the PLS-R. While for the DOSY-
PLS, the RMSEP was much higher than the RMSEV, they were
in a similar range for the PFG-Fit-MLR, indicating a successful
application of the MLR.
Table 2. PLS-R Results from the DOSY NMR Spectra
unit range num. LVs R2 cal. R2 val. RMSEC RMSEV REa (%)
Mw 1884−7405 Da 4 0.92 0.69 454 Da 837 Da 15
Mn 664−1052 Da 4 0.93 0.74 32 Da 64 Da 16
PDI 2.50−7.23 4 0.93 0.72 0.34 0.64 14
aRelative error RE = RMSEV/range.
Figure 7. Scatterplots of the MLR calibration. The GPC data are
plotted against the results of the calibration samples from the MLR on
a logarithmic scale due to the model being calculated with the
logarithmized data.









Mw 1884−7405 Da 0.79 0.72 677 Da 804 Da 15%
Mn 664−1052 Da 0.80 0.77 51 Da 62 Da 16%
PDI 2.50−7.23 0.65 0.53 0.71 0.87 18%
aRelative error RE = RMSEV/range.
Table 4. Comparison of the Variation Coefficients from
Repeated Measurements Using Different Methodsa
unit 1H-PLS (%) DOSY-PLS (%) PFG-Fit-MLR (%)
Mw 0.9 10 5
Mn 0.2 2 1
PDI 1.2 9 4
aAll values are expressed as the average variation coefficient of the
determined parameter, using three repeated measurements of three
different samples.








Mw 2759−3156 Da 449 Da 2467 Da 875 Da
Mn 841−1011 Da 49 Da 153 Da 95 Da
PDI 2.83−3.37 0.3 2.0 1.1
aThe RMSEP values are generated from the difference of the
regression model results to the GPC results of the beech wood and
wheat straw samples.
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Comparison of Different Methods. When comparing
the CV results between different parameters and sample sets,
the relative RMSEV values can be used as a benchmark, which
are again summarized for all proposed methods in Table 6. For
the 1H-PLS models, the relative errors were around 8%, both
models from the PFG NMR measurements resulted in errors
around 15%. Yet, it can be clearly seen that the PFG-Fit-MLR
performs better than the DOSY-PLS regarding precision
(variance of repeated measurements), and also accuracy of
the prediction of new samples (Tables 4 and 5). This
concludes that regarding DOSY measurements, the PFG-Fit-
MLR model is superior to a PLS regression using the 2D
DOSY spectrum. However, the 1H-PLS model outperforms the
DOSY models in all comparisons.
In the literature, only the determination ofMw was described
using PFG NMR (Table 7, entries 3 and 4). In contrast to the
results found in this study, a Mark−Houwink approach was
applied for the calibration, using fractionated samples. The
errors of the previously published models have the same order
of magnitude (see Table 7). Rönnols et al. also used non-
fractionated lignin samples with PDIs from 3 to 5, but focused
only on softwood kraft lignins.17 Montgomery et al. used a
solvent fractionation approach resulting in samples with
smaller PDIs of around 2, which should significantly simplify
the D determination because its distribution is smaller. Also, a
parallel analysis of samples from vastly different biomasses and
pulping processes was possible. It could be shown that the
model is also applicable for bulk samples, which provided
results comparable to the GPC measurements within an error
range of ca. ± 1000 Da.16
Our models from the PFG data work with samples of high
dispersity and additionally provide information about Mn and
PDI. A validation with external samples from a different
botanical origin showed high errors for the DOSY-PLS, so its
applicability to other samples seems to be limited. The 1H-PLS
model as well as the PFG-Fit-MLR were applicable for these
samples. When comparing the scattering of the results from
repeated measurements, the PFG-Fit-MLR showed a signifi-
cantly lower variance than the DOSY-PLS. Therefore, the
MLR approach seems better suited than the PLS regression
using the whole DOSY NMR spectrum. However, the rather
high error of the models from PFG NMR measurements
imposes the need for optimization of the measurement
parameters and processing procedures, to obtain more precise
and accurate results. Many factors such as the sample
concentration, the used solvent system, and temperature as
well as the pulse program and its timing values generally have
an impact on the results.
The 1H-PLS model showed comparable results to the
literature data from Lancefield et al., who used the attenuated
total reflection (ATR-) FTIR spectra (Table 7, entries 1 and
2). The absolute errors found in our study were significantly
lower, but also a smaller set of only three different biomasses
was used. Due to the fractionation procedures, which were
applied on many samples and led to a higher molecular weight
range, the relative errors were similar to those found here.19
So far, all publications on PFG NMR to determine the
molecular weight of lignin samples have used fit approaches
that determine a single D value, and not a distribu-
tion.16,17,21,26,27 The high dispersity of non-fractionated lignins
and the chemical heterogeneity over the molecular weight
distribution makes finding the optimal fitting approach
difficult. A comparative analysis of different fitting methods
on lignin samples would be helpful to develop an optimal PFG
analysis technique.
■ CONCLUSIONS
Generally speaking, it can be seen that conventional 1D NMR
methods such as 1H NMR combined with multivariate
modeling are appropriate to obtain fast and accurate
information about the molecular weight of lignins. While it
takes about 50 min to acquire a GPC chromatogram, a 1H
NMR spectrum can be generated in 2 min. The proposed
Table 6. Summarized Results of the Different Applied
Modelsa
parameter range method RMSEV rel. errorb (%)
Mw 2759−3156 Da 1H-PLS 374 Da 6.9
DOSY-PLS 837 Da 15
PFG-Fit-MLR 804 Da 15
Mn 841−1011 Da 1H-PLS 33 Da 8.7
DOSY-PLS 64 Da 16
PFG-Fit-MLR 62 Da 16
PDI 2.83−3.37 1H-PLS 0.37 8.0
DOSY-PLS 0.64 14
PFG-Fit-MLR 0.87 18
aAll errors are related to the corresponding GPC measurements.
bRelative error = Validation error/range.
Table 7. Literature Results of Spectroscopic Methods Used for Lignin Molecular Weight Determinationa





ATR-FTIR, PLS-R, CV kraft and organosolv lignins, from softwood, hardwood, and
herbaceous biomass; partially solvent fractionated
54 Mw 29,984 Da 2278 Da 7.6% 19
Mn 4626 Da 287 Da 6.2%
PDI 5.0 1.0 20%
ATR-FTIR, PLS-R, CV three softwood kraft lignins, solvent fractionated 28 Mw 29,984 Da 1739 Da 5.8% 19
Mn 4570 Da 229 Da 5.0%
PDI 4.9 0.51 10%
PFG NMR, MHS equation dioxasolv and kraft lignins from soft- and hardwoods, solvent
fractionated





PFG NMR, MHS equation softwood kraft lignins, calibrants from GPC fractionation 5 Mw 8700 Da
(Cal)




aAll errors are related to the corresponding GPC measurements. bNumber of calibration samples. cRelative error = Validation error/range.
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method of a multiple linear regression from DOSY NMR
measurements also leads to accurate molecular weight results.
Both approaches work with samples of high dispersity and also
provide information about Mw, Mn, and PDI. The proposed
methods could be an option for industrial quality control to
quickly characterize process streams, where a large number of
samples have to be analyzed routinely. Further studies are
required to confirm the hypothesis that this technique could be
used complementary to the currently most popular GPC.
However, a simple 1H NMR measurement leads to
comparable or even better molecular weight results than a
DOSY NMR measurement and is faster to measure and easier
to process. This is counterintuitive, because PFG NMR
provides a rather direct relation between the signal decay
due to diffusion, and the molecular weight of the samples.
However, the high variance in a PFG measurement of
polydisperse samples that was observed in this study,
combined with the need to optimize the data processing for
disperse samples, seems to lead to errors in the D
determination. In order to achieve even better results for the
molecular weight determination of lignin using simple
spectroscopic methods, multivariate analysis methods applying
data fusion, for example, NMR and IR data, are currently
under investigation. Also, the use of benchtop NMR
spectrometers instead of high-field spectrometers is a possible
alternative, which could further simplify the determination of
molecular weight characteristics of complex polymers.
■ EXPERIMENTAL SECTION
Lignin Samples. A set of 53 lignin samples, isolated from
Miscanthus x giganteus (n = 25), Paulownia tomentosa (n = 16)
and Silphium perfoliatum (n = 12), using a catalyst-free ethanol
organosolv pulping process was previously prepared and
characterized.28 A representative set of various lignin samples
has been collected and analyzed. The differences in the
samples were due to different particle size fractions of the
biomasses as well as some slight changes in the extraction
process like temperature, ethanol concentration, or an added
aqueous autohydrolysis step. As validation samples, the same
organosolv pulping procedure was applied on a wheat straw
sample and a beech wood sample, each in triplicates.
NMR Spectroscopy. NMR measurements were performed
on a Bruker AVANCE III 600 MHz spectrometer (Bruker
Biospin, Rheinstetten, Germany) with a BBO cryo probe
equipped with a Bruker Automatic Sample Changer (B-ACS
120) at 297 K.
1H NMR Spectra were acquired in DMSO-d6 + 0.03% (v/v)
TMS at 70 mg mL−1 using a 30° flip angle (zg30 in Bruker
language). The relaxation delay (D1) was set to 1 s, time
domain: 128k data points, the number of scans: 16, and the
acquisition time: 4.54 s.
The PFG NMR experiment was performed using 10 mg of
the lignin dissolved in 700 μL DMSO-d6 + 0.03% (v/v) TMS.
The acquisition was performed using the longitudinal eddy
current delay with a bipolar gradient pulse pair pulse program
(ledbpgp2s) with 16 scans of 32 linear field gradient steps (SW
12 ppm, O1 5 ppm, P30 1750 μs, and D20 300 ms). P30 and
D20 were adjusted so that a signal attenuation of more than
95% was achieved.
GPC Measurements. Samples for GPC analysis were
prepared in sodium hydroxide solution (0.1 M) with a
concentration of 5 mg mL−1 and filtered through 0.2 μm
polyamide filters prior to analysis. Mw, Mn, and PDI were
determined on a PSS GPC system based on Agilent 1260
Infinity (Mainz, Germany and Waldbronn, Germany, respec-
tively) with a PSS MCX 8 × 50 mm 5 μm precolumn, two PSS
MCX 8 × 300 mm 5 μ 1000 Å columns, and one PSS MCX 8
× 300 mm 5 μm 100,000 Å column. A UV detector at 280 nm
was used, with sodium hydroxide solution (0.1 M) as an eluent
at a flow rate of 1 mL min−1 and an injection volume of 50 μL.
The calibration was performed with 11 molecular weight
standards (benzenesulfonic acid sodium salt and polystyrene
sulfonate sodium salts) in the range from 180 Da to 976 kDa
using a fifth-degree polynomial function (R = 0.999). The
elution times were corrected using ethylene glycol (1 mg
mL−1) as the internal standard.
A table of all determined molecular weights (Mw, Mn, and
PDI) of all samples can be found in the Supporting
Information (Table S1).
Data Analysis. Processing of the PFG NMR Data. Bruker
Topspin 4.0.7 and Bruker Dynamics Center 2.5.6 were used for
processing the spectra. The raw NMR data were Fourier
transformed on the f2 axis. A manual phase correction was
performed along the 1H direction. The spectra were baseline-
corrected with a polynomial of 5th degree. The spectra were
further processed by peak picking of the signals at δ 0, δ 0.92, δ
1.30, δ 2.54, δ 3.79, δ 6.76, and δ 6.83 ppm, then a
monoexponential fit was applied to calculate D. The DOSY
spectra as well as the fit results for each picked signal with the
fitting errors were exported.
Chemometric Modeling. Multivariate data analysis was
performed using the SAISIR Package within MATLAB R2018b
(The Math Works, Natick, MA, USA).29 The scripts for
processing and modeling are available upon request.
The 1H NMR spectra were preprocessed by truncating the
spectrum from δ 0.2 to δ 10.0 ppm, also removing DMSO and
residual water signals. After bucketing with a width of 0.02
ppm, the spectra were divided by the sum of all their signals to
normalize the spectral intensity.
The DOSY NMR spectral region with species diffusing faster
than −9.38 log(m2 sec−1) was removed to eliminate solvent
and TMS signals. Along the 1H axis, a bucketing in the signal
region from δ 7.5−0.5 ppm was applied. For the Mw and PDI
calibration, a bucket width of 0.2 ppm was found as optimal,
for Mn a bucket width of 0.02 ppm resulted in minimal CV
errors. After bucketing, the spectra were divided by the sum of
all their signals to normalize the spectral intensity, and Pareto
scaled. As performed in previous work of the group, the 2D
spectra were then unfolded slice by slice, to obtain a one-
dimensional vector, which was used for the PLS regression.18
The GPC results were used as reference values.
CVs were performed with 100 repetitions, randomly
splitting 25% of the samples into the validation set. The
errors and coefficients of determination were calculated as the
mean value from all repetitions.
■ ASSOCIATED CONTENT
*sı Supporting Information
The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acsomega.1c03574.
GPC results of all used samples; MHS plots of all
organosolv lignin samples, using the D values of the
aromatic, methoxy, and aliphatic signals; RMSEV errors
of the PLS model using the PFG NMR fit results; and
PCA scores plots of the calibration samples and applied
ACS Omega http://pubs.acs.org/journal/acsodf Article
https://doi.org/10.1021/acsomega.1c03574
ACS Omega XXXX, XXX, XXX−XXX
G
external beech wood and wheat straw samples, from 1H
NMR, DOSY NMR, and PFG NMR Fit data (PDF)
■ AUTHOR INFORMATION
Corresponding Authors
Yulia B. Monakhova − Department of Chemistry and
Biotechnology, FH Aachen University of Applied Sciences,
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